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Big Earth Data Supports Sustainable Food Production: Practices and Prospects
Abstract
Ensuring food security is a fundamental issue for global sustainable development. Sustainable food
production is the basis for food security and an effective approach to address global challenges such as
climate change, land degradation, and ecological degradation. At present, there is a data gap in the
monitoring and assessment of the sustainability of food production, and the supporting role of the Big
Earth Data is increasingly prominent. This paper summarizes the current practice of Big Earth Data in
support of sustainable food production, including the role of Earth observation technology in the
monitoring of various elements of food production system, and the application of multi-source data
fusion in the monitoring of comprehensive food production system and the assessment of the
sustainability of food production. Based on the review, according the framework of four levers for
achieving Sustainable Development Goals (SDGs), we promote two suggestions for future development
on Big Earth Data in support of sustainable food production:(1) integrating Big Earth Data with
multidisciplinary models to promote knowledge discovery thus supporting governance, and (2) integrating
Big Earth Data with technological innovation to build intelligent agriculture for on-farm sustainable food
production system.
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summarizes the current practices of Big Earth Data in support of sustainable food production, including the role of
earth observation technology in the monitoring of various elements of food production system, the application of
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Food is in the first place among the eight politics proposed
in the Chapter Hongfan of Book of History (Shangshu·Hongfan). Chinese President Xi Jinping has repeatedly
stressed the issue of food security and pointed out that ensuring food security is always a matter of prime importance
to the national economy and the people’s livelihood.
Throughout the human history, food, as the basic material
demand for human survival, has attracted extensive attention
all around the world. In 2015, “end hunger, achieve food
security and improved nutrition and promote sustainable
agriculture” was listed as the second (SDG 2) of the 17 Sustainable Development Goals (SDGs) in the United Nations
Transforming our world: the 2030 Agenda for Sustainable
Development (hereinafter referred to as the 2030 Agenda).
The 17 SDGs were further condensed into six entry points in
the Global Sustainable Development Report 2019 [1], and
“food systems and nutrition patterns” was listed as one of
these points. Thus, ensuring food security has always been
the fundamental issue of national and even global sustainable
development.

Food security includes four pillars: availability (is the
supply of food adequate?), access (can people obtain the food
they need?), utilization (do people have enough intake of
nutrients?), and stability (can people access food at all
times?) [2]. Among them, availability refers to food production, which is the basis of food security. At present, the global
food production has made remarkable achievements, with the
total output four times of that in the middle of the 20th cen①
tury and the proportion of the global population undernourished decreasing from 36% in 1969 to 11% in 2018 [3].
However, about one ninth of the world’s population is still
suffering hunger, and the number of people undernourished
has kept increasing for four years [4]. The varied socioeconomic levels among regions result in uneven spatial distribution of food production and differences in food
accessibility, which are the major causes of hunger [2].
At the same time, cropland losses due to increase in food
demand and urbanization [5] result in expansion of agricultural land in other areas [6,7] and raised intensification of land
use [8], which have brought about challenges to the prevention
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of ecosystem services degradation, mitigation of and adaptation to climate change, and prevention and treatment of land
degradation [9–11]. In the global food production, irrigation
water accounts for 70% all fresh water extracted [12]; 60% of
nitrogen fertilizer and 48% of phosphorus fertilizer are excessive application [10]; about 1/3 anthropogenic greenhouse
gas emissions are related to food production [13]. Efficient
utilization of limited cropland resources to meet human’s
food needs while minimizing the impact on the
eco-environment is a yardstick for measuring the sustainability of food production, which has become one of the major
approaches to achieve global SDGs.

1 The data gap for promoting sustainable
food production needs to be filled
The monitoring and assessment of the sustainability of
food production and its spatio-temporal characteristics is a
major method to clarify progress and discover problems. It is
also a prerequisite for improving the sustainability of food
production and ensuring food security. All aspects reflecting
the sustainability of food production, including output benefits, water resources utilization, fertilizer and pesticide risks,
soil nutrient changes, and planting diversity, are listed as the
measurement elements for SDG 2.4.1 (proportion of agricultural area under productive and sustainable agriculture). Now,
SDG 2.4.1 is still classified as a Tier II indicator (the indicator
is conceptually clear, with an internationally established
methodology and available standards, but countries do not
①
regularly produce data on the indicator, while lacks data) .
The Food and Agriculture Organization of the United Nations (FAO), as the main custodian agency of SDG 2, is responsible for 10 of all the 14 indicators of SDG 2, including
SDG 2.4.1. The data of all the indicators under the responsibility of FAO are now mainly obtained through statistical
surveys [14]. In the summary of monitoring work, FAO has
pointed out that the current statistical surveys of most countries or organizations are not carried out with the assessment
of SDG indicators as the purpose, and thus the surveys lack
specificity. Moreover, the statistical capabilities of countries
vary greatly. For example, 75% countries need different
forms of support in at least one indicator, which brings
challenges to the unified assessment of the indicators [15].
In addition, the implementation of SDGs puts forward
stricter requirements for data, i.e., annual data update or more
frequently update in 2–3 years. The indicators, particularly
those for the productive and sustainable agriculture, can be
served as the management tools to provide information about
the processes of national plan and budget and worldwide
follow-up, and thus should be regularly monitored [16,17].
However, the increase in the frequency of monitoring means

an increase in investment. It is estimated that the world will
have to increase approximately 100 million to 200 million US
dollars in financial investment to meet the requirements.
Therefore, seeking for integrated and cost-efficient data
sources is one of the four focal points of the integrated
strategy that FAO has developed to measure the implementation progress of SDGs [15].

2 Big Earth Data facilitates the research on
sustainable food production
Big Earth Data has macroscopic, dynamic, and rapid
monitoring capabilities, which can provide a basis for regional assessment of food production and environmental
changes to fully reveal the large-scale progress and regional
differences [18]. Combining Big Earth Data with statistical
data can greatly improve the assessment of SDG indicators
with established methodology and standards while unavailable data. At present, two key factors contribute to the practical application of Big Earth Data in supporting sustainable
food production.
(1) Demands for spatial information from decision-making. A full, timely and rapid understanding of the
natural environment, social and economic situations, corresponding food production conditions and their spatial heterogeneity is conducive to the development of intensive and
diversified food production and the discovery of food processing and trade opportunities. It can thus strengthen the
capacities of food supply and access, enhance the sustainability of food production, and finally provide powerful
support for food security. National food security policies
and farmers’ (or farms) food production input decisions can
be determined accordingly, so as to promote agricultural
production, ensure food security, enhance the sustainability
of natural resource utilization, and increase farmers’
income.
(2) Advancement in accessibility of Big Earth Data. Owing to the progress in earth observation technology, massive,
multi-source, multi-temporal, multi-scale, and highdimensional data are springing up [19]. Model-driven science
is transforming to data-driven science, and a data-intensive
scientific approach is gradually established [20]. The cost of
data acquisition is decreasing, while the ability to manage and
share spatial and geographic data is rapidly strengthening.
Big Earth Data provides a basis for fully, timely and rapidly
understanding the food production and makes it easy to explore agricultural development in the spatial dimension. Big
Earth Data has been an economical and effective method that
helps stakeholders to make decisions on agriculture production and development, and it has thus been applied and practiced in many fields.

______________________________________
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2.1 Thematic monitoring of elements of food
production system based on earth observation data
The food production system is monitored based on earth
observation data from two aspects: cropland use and crop
growth.

2.1.1 Cropland use
Cropland use involves cropland distribution, planting
structure, and management mode. The information of
cropland distribution used to be obtained from land use or
land cover products with different temporal-spatial resolutions [21-23] and has been mainly from the recently produced
cropland data sets [24]. Information extraction of planting
structure and management mode has come a long way of
development with the advancement in remotely sensed data.
The monitoring of planting structure is mainly based on
multiple cropping index and crop species. Multiple cropping
is mainly distributed in Asian countries [25], and relevant
studies are mainly carried out in these regions. The time
series vegetation indexes of different spatial resolutions obtained by the Advanced Very High Resolution Radiometer
(AVHRR) of NOAA satellite, the Moderate Resolution Imaging Spectroradiometer (MODIS) of Terra, Thematic Mapper/Enhanced Thematic Mapper Plus/Operational Land
Imager (TM/ETM+/OLI) of Landsat and Sentinel-2 are widely
used. Related studies have combined principal component
analysis [26], Savitzky-Golay filter [27], wavelet transform [28],
and harmonic analysis of time series [29] with crop phenological
characteristics to monitor the multiple cropping indexes of
cropland in countries such as China [30,31] and India [26,32].
The information of crops is extracted from more multi-source data of earth observation, which involves optics,
radar and so on. Currently, crop species information extraction based on remote sensing still mainly concentrates on the
major crops, such as rice [33–35], wheat [36], maize [37], and
soybean [38,39]. Remote sensing-based large-scale mapping of
all crop species is mainly carried out in the United States [40],
Canada [41], and Europe [42]. In China, CropWatch, a remote
sensing-based global agricultural monitoring system, collects
data of crop proportion via GVG sampling system. At the
same time, it extracts information including cropland area,
multiple cropping, and proportion of crop distribution area by
using remote sensing data from high-resolution satellites,
MODIS and so on.
The data of irrigated areas are collected to master information of the management modes. Irrigated areas are mainly
identified by the changes in soil water content and surface
temperature before and after irrigation. Corresponding
products are developed on global [43], national [44], and regional [45] scales through spectral matching, decision tree, and
machine learning.

2.1.2 Crop growth
The crop growth status, fertilizer and water conditions,

and pest and weed dynamics reflect the macro status and
trend of crop growth, forming an important part of agricultural information [46,47]. Timely and accurate monitoring of
crop growth is essential for crop production managers or
decision-makers to take measures in time to improve resource
utilization efficiency and ensure food security [48,49]. The
reflection, absorption, and scattering characteristics of crops
under different growth states or environmental stresses toward different wavelength spectra are able to be reflected by
earth observation technologies, especially optical remote
sensing technology. Therefore, the vegetation index can be
directly calculated, or the physiological and biochemical
parameters related to crop growth can be quantitatively retrieved. For example, leaf area index (LAI), photosynthetic
effective radiation component (FPAR), and nitrogen concentration are widely used in large-area and long-time growth
monitoring of major crops such as wheat and maize [47,48,50].
With the advancement of remote sensing sensors [e.g.,
lidar, hyperspectrum, sunlight-induced chlorophyll fluorescence (SIF), and thermal infrared imager] and remote sensing
platforms [e.g., unmanned aerial vehicle (UAV), unmanned
vehicle, and Internet of things], the theories and technical
methods for the acquisition of multi-source, multi-scale agricultural information by the combination of remote sensing
and artificial intelligence algorithms have developed rapidly.
The theories and technical methods have been applied in
nutrition diagnosis [51–53], disease detection [54–58], aboveground biomass monitoring [59,60], and yield estimation [61,62].
Now, the data derived from medium- and low-resolution
multispectra are still commonly used for large-area crop
growth monitoring and yield estimation. As for the monitoring and assessment of small-scale or field-scale crop
growth, UAV- and unmanned vehicle-based high-resolution
hyperspectral data and lidar-based remote sensing data have
been increasingly used [63–67].
In addition, the development and application of SIF, synthetic aperture radar and thermal infrared remote sensing [68–72], the integration of remote sensing data and crop
growth model [48,73], and the combination of deep learning
algorithms [61,74–77] have also been applied in the monitoring
of crop growth. In particular, in view of the insufficient
mechanisms of indexes such as crop yield and agricultural
disasters directly retrieved by remote sensing, the retrieval of
earth observation data combining with crop growth model
and other multidisciplinary models has been widely practiced
in the monitoring of grain crop yield per unit area, yield
potential, and agricultural disasters (such as pests and diseases [78]). Moreover, it develops to be large-scale, fine, and
accurate to generate detailed and accurate monitoring results,
so as to provide a basis for assessing the regional and global
implementation processes of SDG 2.

2.2 Comprehensive assessment of sustainable food
production based on multi-source data fusion
The assessment of the sustainability of food production
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usually covers multiple dimensions including society,
economy, and environment. It needs to systematically consider all elements of food production, including the correlations and differences of the elements, and eventually involves
all aspects of sustainable food production. Comprehensive
mapping of food production system is the premise of carrying
out research on the sustainability of food production, for
which Big Earth Data provides important support.
At present, the comprehensive mapping of food production system is relatively mature at a global perspective. Leff
et al. [79], Monfreda et al. [80], Portmann et al. [81], and You et
al. [82] have developed the global crop distribution maps,
which are later called LRF, M3, MIRCA, and SPAM, respectively. The maps contain the crop sowing area and yield
of the whole planting system, and some of these maps even
demonstrate the results with multiple comparable elements
including yield potential and irrigation.
LRF integrates land cover data from earth observation and
global agricultural census data. It evaluates the distribution of
18 major crop species in the global 5' grids (about 9 km long
on the equator) based on the proportion of the total harvest
area of each administrative unit. After masking the
non-cultivated area and adopting the smoothing algorithm to
correct the sudden and arbitrary changes of the administrative
boundary, LRF fuses the single crop proportion and global
cropland distribution data set [83] to estimate the proportion of
each crop in each pixel of the cultivated land. After this work,
M3 uses the proportion of cropland area on the grid scale as
the weight to allocate the harvested area and yield of 175
different crop species around the globe in 2000. By combining M3, LRF, and the map of global irrigation area [84],
MIRCA produces a global data set including the monthly
planting area (5' grid) of 26 irrigated crop species.
SPAM is superior to the above maps in element coverage,
mapping method, and year coverage. It focuses on not only
the distribution of crop sowing area and yield but also the
crop management patterns (such as irrigation and rain feeding), input intensity (such as business-oriented and
self-sufficient), and the possible yield differences. In terms of
methods, SPAM is different from M3 and uses the most direct
methods to allocate each crop species to each grid. MIRCA
only considers the impacts of cropland area, irrigation, and
rain feeding on yield, while SPAM focuses on the effects of
temperature, rainfall, soil conditions and crop prices on the
spatial distribution and yield of crops. In terms of year coverage, only SPAM has been updated, containing the global
crop systems in 2000, 2005, and 2010 [85]. In addition, SPAM
pays much more attention to developing countries and has
①
realized the mapping of the African crop system in 2017 .
On the basis of spatial mapping of food production system,
more elements reflecting the sustainability of food production, especially those in environmental sustainability, can be

integrated for quantitative research on the sustainability. With
the MIRCA data set, Mueller et al. [8] performed global
mapping for the fertilization amount of major crops covering
76% of the sowing area, carried out climate zoning of different crops, and developed an evaluation model of yield
potential and fertilization reduction to analyze the potential
and pattern of environmental reduction while increasing the
yield of major crops in the world. West et al. [10] further
quantitatively assessed the irrigation water consumption,
over-application of chemical fertilizer, and greenhouse gas
emissions in global food production, put forward different
environmental factors and key crops that should be concerned
in different regions in the future, and provided suggestions
for global sustainable food production. Zuo et al. [6] comprehensively evaluated the impacts of land use change and
farmland management on the sustainability of food production. In most of the studies, water resource change [86,87],
nutrient cycle [88], and greenhouse gas emission [13,89] related
to food production system, as well as the impact of climate
change [90,91] and disasters [92] on food production, are the
widely concerned elements for the assessment of sustainability. The interactions of society, economy, and environment
have also been analyzed through the mapping of food production system [93].

3 Prospects of Big Earth Data supporting
sustainable food production
While adopting the 2030 Agenda, the United Nations
Summit on Sustainable Development 2015 launched a
mechanism for technology improvement aimed at promoting
science, technology and innovation to achieve SDGs. Five
years after adoption of the 2030 Agenda, the United Nations
independent team of scientists proposed four levers (governance, economy and finance, individual and collective
action, and science and technology) to achieve SDGs. The
sustainable food production as an activity with the most intense interaction between nature and human beings needs to
be achieved by fully integrating scientific and technological
innovation into governance and individual and collective
action. As a new momentum of geoscience, Big Earth Data
has great potential to deeply support sustainable food
production.

3.1 Multidisciplinary model based on Big Earth
Data supports government governance of sustainable food production
Food production is affected by social, economic, and environmental factors. To promote the sustainable food production, we should comprehensively consider the interaction
of various factors, especially the constraints of

______________________________________
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resources [94,95]. In addition, sustainable food production has
an important impact on the responses to global challenges
such as ensuring food security, mitigating and adapting to
climate change, preventing land and ecological degradation,
serving as the link of SDG indicators [11]. To establish a sustainable grain production system, we need to comprehensively think about multiple fields and disciplines. However, it
remains unclear for the strategies to promote sustainable food
production and face these global challenges.
Big Earth Data derives from but is not limited to earth
observation. It can be also obtained from land, ocean, atmosphere and data related to human activities, integrating
earth science, information science, and space science [96].
Integrating Big Earth Data with multidisciplinary models is
an important way to develop a comprehensive solution for
sustainable food production. It can provide decision support
for governments at all levels to respond to global challenges,
and thus is the major direction that deserves attention in the
future. For example, we can combine climate model with
crop growth simulation model to connect natural conditions
with agricultural production process, and link agricultural
production process with social and economic changes via
land use change simulation and intelligent optimization.
Sustainable agricultural development can be taken as the
fulcrum to support eco-environment protection and restoration and serve social and economic development.

3.2
Technological innovation integrating Big
Earth Data builds up a decision-making system for
sustainable food production
Improving the efficiency of food production is the main
measure to ensure food security [97]. At present, agricultural
production is transforming from mechanization to precision,
and smart agriculture is spreading. Whether it is precision or
smart production, data is the key point [98,99]. Integrating Big
Earth Data with other technologies such Internet of things,
Internet, artificial intelligence, and cloud computing can
provide strong support for farmers throughout the whole
production process from precision sowing, farming, irrigation, fertilization, to harvest. It creates a technical path to
improve irrigation efficiency, reduce the risk of excessive
application of chemical fertilizers and pesticides, and mitigate the damage of agrometeorological disasters, thus facilitating sustainable food production. For example, the
development models of smart agriculture with modern information technology and intelligent technology as the core
have been successively put forward in the United States,
Japan, the European Union. The major technologies include
remote sensing and sensor system, agricultural big data, and
cloud services [100].
At the same time, the international food trade has existed
for a long time because of the imbalance between the comparative advantage of food production capacity and food
demands among countries, which has been increasingly

significant. The global and domestic food production situations and market-oriented analysis play an increasingly important role in the crop selection by farmers or farms and in
the input of means of production, resulting in the intensive
income changes. With the multi-source and multi-scale earth
observation data, we need to strengthen the monitoring of
global food production, improve the early and accurate prediction for global and regional food supply, and integrate the
data into smart agriculture. This will deeply affect the food
production system and promote the sustainable food
production.
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